Abstract-Failure Mode and Effect Analysis (FMEA) is a popular problem prevention methodology. It utilizes a Risk Priority Number (RPN) model to evaluate the risk associated to each failure mode. The conventional RPN model is simple, but, its accuracy is argued. A fuzzy RPN model is proposed as an alternative to the conventional RPN. The fuzzy RPN model allows the relation between the RPN score and Severity, Occurrence and Detect ratings to be of non-linear relationship, and it maybe a more realistic representation. In this paper, the efficiency of the fuzzy RPN model in order to allow valid and meaningful comparisons among different failure modes in FMEA to be made is investigated. It is suggested that the fuzzy RPN should be subjected to certain theoretical properties of a length function e.g. monotonicity, sub-additivity and etc. In this paper, focus is on the monotonicity property. The monotonicity property for the fuzzy RPN is firstly defined, and a sufficient condition for a FIS to be monotone is applied to the fuzzy RPN model. This is an easy and reliable guideline to construct the fuzzy RPN in practice. Case studies relating to semiconductor industry are then presented.
INTRODUCTION
Failure Mode and Effect Analysis (FMEA) is an effective problem prevention methodology that can easily interface with many engineering and reliability methods [1] . It can be described as a systemized group of activities intended to recognize and to evaluate the potential failures of a product/process and its effects [2] .
Besides, FMEA identifies actions which can eliminate or reduce the chances of potential failures from recurring. It also helps users to identify the key design or process characteristics that require special controls for manufacturing, and to highlight areas for improvement in characteristic control or performance [1] .
Conventional FMEA use a Risk Priority Number (RPN) to evaluate the risk associated to each failure mode. A RPN is a product of the risk factors, i.e., Severity (S), Occurrence (O) and Detect (D). FMEA assumes that multiple failure modes exist, and each failure mode has a different risk level that have to be evaluated, and ranked. In general, S, O and D are of integer 1 to 10, usually defined in scale tables.
From literature, the use of Fuzzy Inference System (FIS) in FMEA is not new. Bowles and Peláez suggest to replace the conventional RPN model with a FIS (fuzzy RPN model) [3] . The fuzzy RPN model allows the relationship between the RPN score and the three risk factors (S, O, and D) to be of a non-linear relationship, which is too complicated to be modeled by the simple conventional RPN model. Motivation of FIS to be chosen in this problem domain can explained with FIS's ability to incorporate human/expert knowledge, whereby information is described by vague and imprecise statements [4, 5] . Over the years, FIS models have demonstrated good capability and performances in a variety of application domains, e.g. control, modeling, and classification problems [4, 5] .
The fuzzy RPN model is a popular method, and has been successfully applied to a number of FMEA problems. For example, it was applied to FMEA of an auxiliary feed water system and a chemical volume control system in a nuclear power plant [6, 7] . It was also used in FMEA of an engine system [8] , a semiconductor manufacturing line [9] , and a fishing vessel [10] . Over the years, several enhancements have also been proposed to the fuzzy RPN model. Development of a fuzzy RPN model using the grey relation theory is presented in [10] . In [8] , a fuzzy RPN model which allows interdependencies among all failures to be considered is proposed. In [9] , a method to reduce the number of fuzzy rules in the fuzzy RPN model is reported.
However, little attention is paid on the validity and the efficiency of the estimated RPN scores, as available in the literature. Therefore, in this paper, the efficiency of the fuzzy RPN model, in order to allow valid and meaningful comparisons among different failure modes in FMEA to be made is investigated. The fuzzy RPN model is viewed as an assessment or measurement model, which is subjected to some theoretical properties of a length function, e.g. monotonicity, sub-additivity and etc [11] .
Investigation in this paper focuses on monotonicity property of the fuzzy RPN model. The fuzzy RPN model is firstly presented. Monotonicity property in FIS and a sufficient condition for a FIS to be monotone is also reviewed. Monotonicity property for the fuzzy RPN model is further defined. In this piece of work, the sufficient conditions for a FIS to be monotone, as pointed in various sources [12, 13, 14, 15] , is applied to the fuzzy RPN model. The sufficient conditions pointed out that for a FIS to be of monotonic, two mathematical conditions are needed. Condition (1) can be viewed as a method how membership function should be tuned in order to ensure the fuzzy RPN to be of monotonicity property. Condition (2) highlights the important of having a monotonic rule base in the fuzzy RPN model. This can be viewed as a simple and easy guideline on how the fuzzy RPN can be constructed in practice. To further evaluate the proposed approach, experiment is conducted using data collected from a semiconductor manufacturing process of Flip Chip Ball Grid Array (FCBGA). This paper is organized as follow. In section II, the fuzzy RPN model is reviewed. In section III, the sufficient condition for a FIS to be monotone is presented. In section IV, the applicability of the sufficient condition to the fuzzy RPN model is discussed. Section V reports case studies with data/information collected from a FCBGA plant. Concluding remarks is then presented.
II. REVIEW ON THE FUZZY RPN MODEL
Conventional RPN model is used to evaluate the risk associated with each failure mode in FMEA. Generally, the conventional RPN model takes three factors, i.e., S, O, and D, and the RPN scores is determined by the multiplication of these three inputs scores, as shown in (1).
× × RPN = S O D
(1) In general, these three factors are estimated by experts in accordance with a scale from "1" to "10" based on commonly agreed evaluation criteria. Tables 1, 2 , and 3 summarize the evaluation criteria for S, O and D ratings, respectively, which is used practically in a semiconductor manufacturing plant. 
2~1
Very High Prevent excursion from occurring Even through the traditional RPN model is simple and has been well accepted for safety analysis, it suffers from several weaknesses. In [3] , it is pointed out that the same RPN score can be obtained from a number of different score combinations of S, O, and D. Although the same RPN is obtained, the risk can be different. Besides, is it argued that the relative importance of S, O and D maybe different. The fuzzy RPN model is proposed in [3] , as a solution to these problems. In the fuzzy RPN, a FIS model is used instead. It assumes the relationship between the RPN score and input scores, i.e., S, O, and D are of non-linear relationship.
Membership functions of S, O, and D can be generated based on the criteria in Tables 1, 2 and 3 μ , with linguistic label of "Low", represents S ratings from 2 to 5, which correspond to "yield hit, cosmetic impact, special internal handling, effort or annoyance" as in Table 1 . The same scenario applies to Fig. 2 , where the "Moderate" membership, 4 o μ , represents O ratings from 4 to 6, which correspond to "Once/week, Several/month, Few/quarter" as in Table 2 . In Figure 3 , the "High" membership function 2 d μ represents D ratings from 3 and 4, which correspond to "Controls are able to Detect within the same machine/module" as in Table 3 . Output of the fuzzy RPN model, RPN score is varies from 1 to 1000. In this case study, it is divided into five equal partitions, with fuzzy membership functions, B , "Low", "Low Medium", "Medium", "High Medium", and "High", respectively. The corresponding b scores are assumed to the point where membership value of B is 1. Hence, b is 1, 250.75, 500.5, 750.25, and 1000, respectively.
A fuzzy rule base is a collection of knowledge from experts in the If-Then format. Considering S, O, and D, and their linguistic terms, the fuzzy rule base has 180 (5 (S) x 6 (O) x 6 (D)) rules in total using the grid partition approach [4, 5] . As an example, Fig. 4 shows two rules that describe a small portion of the fuzzy rules collected from wafer mounting process engineers. Figure 4 An example of two fuzzy production rules
In this paper, a simplified Mamdani FIS [3, 4] is used to evaluate the RPN, as in (2) . (2) can be viewed as zero order Sugeno FIS model. From the literature review, there are a lot of investigations on the monotonicity property of FIS models. Developments of FIS models that fulfil the monotone constraint are also available. Zhao and Zhu examined the condition for an FIS to be monotone, and analyzed the FIS operations step by step [12] . Their findings revealed that as long as the rule base is monotone, a single-input Mamdani fuzzy model can be monotone, and a two-input Mamdani fuzzy model can be roughly monotone.
Another attempt to study the monotone property is to differentiate the output of an FIS with respect to its input(s). Won [13] derived the sufficient conditions for the first order Sugeno fuzzy model with this approach. From [14, 15, 16] , the sufficient conditions for a zero order Sugeno FIS to be monotone is reported.
For a FIS to be monotone, the sufficient conditions stated that two conditions are needed. Condition (1) can be viewed as a method how membership function should be tuned in order to ensure a FIS to be of monotonicity property. Assume both 
Condition (2) highlights the important of having a monotonic rule base in the FIS model. These two conditions are very useful, as it can be directly applied to various FIS related techniques. It was later combined with least square learning [17] , and evolutionary computation-based learning [18] . These conditions are further extended to a multiple stage FIS [15] .
IV. APPLICATION OF THE MONOTONICITY PROPERTY AND THE SUFFICIENT CONDITIONS TO THE FUZZY RPN MODEL
In this paper, it is proposed that the fuzzy RPN model is of monotonicity property [19] . Similar to the traditional RPN function, S, O, and D of the fuzzy RPN are defined in such a way that the higher the input scores, the more critical the situation. The output RPN is a measure of the failure risk. From the inputs-output relationship, the monotone output property is applicable. FMEA users Figure 5 The proposed fuzzy RPN model and procedure
For example, for two failures with input sets of 5 5 6 and 5 5 7 (S, O, and D), the fuzzy RPN for the second failure should be higher than that of the first. This can be explained with referring Tables 1, 2 and 3. These two failures are of the same S and O scores, but with D score of 6 and 7 respectively. Failure with D score of 6 ("Controls are able to Detect within the same functional area") represents a better control mechanism than that of D score of 7 ("Controls may not Detect excursion until reach next functional area."). Prediction is deemed illogical if a contradictory result is produced. This is an important property to allow a valid and efficient comparison among the two failures. In this example, the monotonicity property stated that as long as the D score increases, RPN score should not decrease.
The monotonicity property in this paper suggests that if any of the two scores are static, to allow valid comparison, as the third score increases, the RPN score should not decrease.
To fulfill the monotonicity property, the sufficient conditions is used in the fuzzy RPN model. 
V. CASE STUDY AND EXPERIMENTAL RESULTS
To validate the proposed approach, experiments with data/information collected from a semiconductor manufacturing processes of Flip Chip Ball Grid Array (FCBGA) products is conducted. FCBGA is a low cost semiconductor packaging solution which utilizes the Controlled Collapse Chip Connect technology, or which is known as Flip Chip (FC) for its die to substrate interconnection. FC was initiated at the early 1960s to eliminate the expanse, unreliability, and low productivity of manual wire bonding process [20] . It utilizes solder bump interconnection. In this paper, experiment is conducted with two selected manufacturing processes in a FCBGA manufacturing plant, i.e., wafer mounting process and underfill dispending process.
Column "Fuzzy RPN (FPR)" shows the failures risk evaluation results using the fuzzy RPN model, while subcolumns "FRPN" and "FRPN Rank" show its failure risk evaluation and prioritization outcomes, respectively. Column "Expert's Knowledge (FPR)" shows the linguistic term assigned by process engineers.
For example, in Table 4 , failure mode "1" represents "broken wafer", which leads to yield loss, and is given a S score of 3 (refer to Table 1 ). This failure happens because of "drawing out arm failure", and because it rarely happens, it is assigned an O score of 1 (refer to Table 2 ). In order to eliminate the cause, software enhancement has been done as action taken. Owing to the action taken is very effective, and can almost eliminate the root cause; a D score of 1 is given (refer to Table 3 ). Using the traditional RPN model, an RPN of 3 is obtained, with the lowest RPN ranking (RPN rank =1). Using to fuzzy RPN approach, it is assigned a fuzzy RPN score of 10.
The monotonicity property is important to allow a valid comparison among 2 failures mode, for example failure mode "1" and "3" in Table 4 . Failure model "3" is of S, O, and D of 3, 2, and 1 respectively. Monotonicity property suggests that failure mode "3" should have a higher fuzzy RPN score (fuzzy RPN=19) than that of "1" to allow valid comparison.
The same scenario can be observed in Table 5 , a case study on underfill dispensing process. To allow valid comparison among failures mode "1", "2" and "3", fuzzy RPN score for "3" should not be lower than "2", and fuzzy RPN score of "2" should be lower than "1". With the use of the sufficient condition, Fuzzy RPN score of 1, 1 and 2 is assigned to failure mode "1", "2", and "3" respectively.
From the observation, the fuzzy RPN model is able to fulfill the monotonicity property for all failures. There are no illogical predictions found in both case studies. As summary, as long as Condition (1) and Condition (2) are fulfilled, the monotonicity property can be ensured.
VI. SUMMARY
In this paper, it is argued that the fuzzy RPN model should be subjected to some theoretical properties of a length function. This is important, as it will ensure the validity of the RPN score, in order to allow comparisons among different failure modes in FMEA. This paper provides a simple and easy approach to construct the fuzzy RPN model in practice from FMEA users. It is suggested that the sufficient conditions for a fuzzy inference system to be of monotonicity to be applied to the fuzzy RPN model and its procedure.
Experiments have been conducted to evaluate the proposed approach. Experiment is conducted with data and information from one of the manufacturing processes in a FCBGA manufacturing plant, i.e., wafer mounting and underfill dispensing processes. These experiments give promising results.
Investigation of a fuzzy inference system based assessment model (fuzzy RPN in particular) to fulfill other properties of a length function [11] , i.e., sub-additivity, can be a good research topic.
